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Abstract 
In this research, route choice behavior is treated as a two-stage process consisting of a choice set generation stage and a choice 
making stage. In the choice set generation stage, drivers include the routes which satisfy their spatiotemporal constraints into an 
individual choice set. In the choice making stage, drivers are assumed to choose the route with maximum utility. The data used in 
this research is 2011 probe vehicle data collected in Toyota city, Japan. The applied model can be estimated simultaneously for 
two stages with only the information in choice making stage, and multiple constraints can be used in the choice set generation 
stage, furthermore, the applied model overcomes the choice-set explosion, therefore, it can be applied even the number of 
alternatives are big in the master set. Estimation results indicate that routes with less turns have the higher probabilities to be put 
into drivers’ considerations. Furthermore, when drivers are close to destinations, probabilities for consideration of routes with 
relatively more turns will significantly increase. Estimation results also show that the two-stage model fit the better than 
multinomial logit model which does not have the choice set generation stage. 
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1. Introduction 
Route choice is the process of travelers choosing routes. It can be applied to appraise travelers’ perceptions of 
route characteristics, to predict future traffic conditions on transportation networks and to understand travelers’ 
reactions and adaptations to sources of information (Prato, 2009). However, modeling route choice behavior is not 
as easy as it seems. In a route choice situation, there may be a dense network of roads, especially in a city, and even 
if the distance from origin to destination (OD) is only several kilometers, there could exist thousands of routes for 
drivers to choose from. Obviously, it is unreasonable to assume that drivers will choose their route from a choice set 
that includes all routes connecting one OD pair. However, researchers are always lack of travelers’ knowledge about 
the network composition, uncertain about travelers’ perceptions of route characteristics and unavailable to exact 
information about travelers’ preferences (Prato, 2009), therefore, how to properly define the choice set for drivers in 
route choice modeling is always an issue. 
As already noted, the universal set of feasible routes between an OD pair might be very numerous; human 
limitations mean that no driver is likely to know all of them. But a driver may know some of the routes as a result of 
past driving experience and information from maps and navigation systems. This set of routes is called the 
awareness set, also called master set. However, a driver might not be choosing from this set of known routes on a 
particular trip because of certain spatiotemporal constraints that apply, such as a time budget, driving habits and so 
on. These constraints eliminate the availability of some of the known routes. The remaining known routes constitute 
a set known as the viable set, also called consideration set from which the driver ultimately makes a choice (Kaplan, 
2012). 
Early researchers (McFadden, 1980) always assumed that all choice-makers choose from the same choice set. 
Gaudry and Dagenais (1979) proposed the Dogit model, where an individual is either captive to one alternative or is 
free to choose from the full choice set. Manski (1977) proposed the probabilistic choice set (PCS) model in which 
the choice decision process is divided into two parts: the choice set generation stage and the choice making stage. 
Some choice set generation models have been proposed in the past and incorporated into the PCS model in some 
choice modeling investigations (Swait and Ben-akiva, 1986; Morikawa, 1996; Kaplan, 2012; Rashidi, 2012 ; Sasic 
2013), however defining choice set formation in a probabilistic way is complex and has never been done in a 
full-size application (Frejinger, 2009) 
The objective of this research is to model drivers’ route choice behavior more accurately. The crucial part of the 
procedure in this analysis is the step in which the awareness set is reduced to the viable set. Since choice set 
generation is treated separately, the PCS model is applied. A constraint-based choice set generation model is used to 
model a driver’s choice set generation procedure. Additionally, in the en-route route choice situation, constraints 
should be varied with the stage of the trip. An en-route variable is introduced to the choice set generation model to 
see the difference. On the other hand, in the choice making stage, the conventional discrete choice model is used. 
There is one problem with this approach that should be mentioned: if the number of alternatives is n, then the 
number of all non-empty subsets would be 2n-1. With a large n, 2n-1would increase exponentially to an enormous 
number. In order to solve the computational problem resulting from this total number of non-empty subsets, a 
pairwise comparison of alternative methods proposed by Morikawa (1996) is used. 
The data used in this research is probe-vehicle data collected in Toyota city, Japan between Feb 2011 and Dec 
2011. The two model stages are estimated simultaneously using information about drivers’ actual chosen routes only, 
as provided by the probe data.  
2. Models 
2.1. Random Utility Models 
Under the utility theory, choice makers are assumed to be rationally, and they will choose the goods with the 
highest utility among the available alternatives. However, we cannot measure the utility to individual directly. 
Therefore, in random utility models, we suppose that the utility Uin of alternative i to individual n is composed by a 
deterministic component Vin and a stochastic error component εin, as shown in equation (1). 
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By assuming the error component to follow different distributions, there will be different random utility models. 
If the error component follows normal distribution, then the model is called Probit model (Sheffi, 1985), 
furthermore, if the error component are taken to be independently and identically distributed following the Gumbel 
distribution, then it will become a Multinomial Logit (MNL) model (Ben-Akiva and Lerman, 1985), and the choice 
probability will be: 
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Both of models could be applied to the route choice modelling, however, there is an issue in route choice should 
be noted is the similarities between the alternative routes for an OD pair, or so called overlapping problem. Route 
overlapping should be considered in the route choice model, however, MNL model does not take route overlapping 
into account. Therefore, some models have been proposed to correct for route overlapping, such as C-Logit model 
(Cascetta et al., 1996), Path-size Logit model (Ben-akiva and Bierlaire, 1999). These models are extensions of the 
MNL model by introducing a factor accounting for the overlapping. 
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Equation (3) is the commonality factor (CF) in C-Logit model, where Lij is the length of links common to route i 
and j, while Li and Lj are the lengths of route i and j respectively. γ is a positive parameter and the summation is 
extended to all routes belonging to Choice set C including route i. Then the choice probability for C-Logit model is : 
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2.2. Probabilistic Choice Set Model 
Manski(1977) proposed a probabilistic choice model, in this model, if there are number of m alternative in the 
master choice set M, the probability and process for individual n choosing alternative i is described in Fig.1. 
Firstly, in the choice set generation stage, there is a probability for each alternative to satisfy decision-makers’ 
thresholds, which is qn(i). If there are number of K attributes for each alternative and all attributes are used to screen 
alternatives, then:  
 
    
1
K
n kn
k
q i q i
 
    (5) 
 
qkn(i) is the probability of i satisfying k-th threshold. At least, one attribute should be used to screen alternatives in 
the choice set generation stage. Swaint and Ben-Akiva(1986) indicated that qkn(i) could be expressed as 
Prob(Ekn(i)≥μkn) which means the probability for a latent variable Ekn(i) exceeding μkn which is n’s threshold value 
on attribute k. Ekn(i) is a value related to attribute k of alternative i and its formation is Ekn(i)=αkn*ωik-δkn , where αkn 
is the parameter to be estimated, ωik is the vaule of attribute k for alternative i and δkn is the error term. If δkn is 
assumed to follow a logistic distribution, then:  
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therefore, Equation (5) would be easily transformed into 
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Fig.1. The Process of Probabilistic choice set model. 
 
Consideration set C is a subset of master set M. Researchers could know such information by asking 
decision-makers to describe their consideration sets. However, in most cases, it is hard to get such information, 
therefore, the consideration set is unknown and need to be estimated by model. For the master set M, there is a set G 
including 2m -1 non-empty subsets of M. Theoretically, all non-empty subsets in G will have probabilities to be 
decision-makers’ consideration set and their probabilities are related to the alternatives in them: 
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diC is a dummy variable which equal to 1 if alternative i is in choice set C, otherwise 0. ( )nQ I is the probability for 
empty set, which equals to 11 ( )Mm nq m  . Decision-makers’ consideration set cannot be an empty set and the sum 
of probabilities for all possible consideration sets should equal to 1. 
Secondly, in the choice making stage, decision-makers will choose the alternative with highest utility in the 
consideration set. The probability of choosing alternative i from possible consideration set C is shown in Fig.1. 
However, alternative i is not only included in one possible consideration set , but also appear in other possible 
consideration sets. Therefore, the probability for decision-makers n choosing alternative i from choice set M from a 
two-stage choice perspective is: 
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Here, if alternative i is not in C, then Pn(i|C) is 0. Equation (9) is acceptable when the number of alternatives in M is 
small, for example less than 4, however, when this number goes to bigger, the explosive growth number of 
non-empty subsets of M will make it impossible to use Equation (9) directly. 
Morikawa (1996) proposed a method for solving this exponential problem as follows. Adopting the method of 
pairwise comparison of alternatives in terms of utility, if individual n prefers alternative i to alternative j in the PCS 
model, there are two possible scenarios: (1) both i and j belong to individual n’s consideration choice set, and for 
this individual the utility of alternative i is greater than the utility of alternative j; or (2) alternative i is in individual 
n’s choice set while alternative j is not. These two scenarios can be expressed mathematically as follows (Morikawa, 
1996): 
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Taking the conditional probability on the disturbance component of utility inH , Equation (10) can be rewritten as: 
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where f (g) is the probabilistic density function of ε and F(g) is cumulative density function of ε. If ε is assumed to 
follow a Gumbel distribution, then Equation (11) will become: 
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Then, the log-likelihood of modelling the choice of route i from the master set for N travelers can be written as: 
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Although the model does not have a closed-form expression due to the integral part, all possible combination of 
choice set can be considered with only one time integration. Here, we apply the maximum simulated likelihood with 
300 standard Halton draws (Train, 2003).  
3. Data  
The data used in this research is probe vehicle data collected in Toyota city, Japan. The data was collected from 
private vehicles between February and December 2011. When the vehicle is running, the information including 
current time, current location and current speed will be sent to receiver every second. By this information, we could 
know trips’ information of each vehicle including when and where this trip is started or finished, which route the 
driver choose for this trip. In Fig.2, it is the map of Toyota city. Links with different colors indicate how many times 
probe vehicles have passed this link during one month, red means the number of times is more than 100, blue means 
the number is between 20 to 100, and pink means the number is less than 20. As we need a part of road network 
with more probe vehicles’ information, we selected the rectangle area where just is the center of Toyota City.  
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Fig.2. Accumulated number of Probe vehicles passed on the road network of Toyota city 
 
The rectangular target area is shown more clearly in Fig.3 (a). In this research, trips are selected where the 
vehicle passes through the target area via nodes on the diagonals, represented by A-C and B-D. Specifically, 
selected trips should passing through the target areas from A to C or B to D. It should be noted that vehicles passing 
through the target area are only part of the whole trips, so the actual origins and destinations of these trips are 
beyond the target area; therefore, we denote A-C and B-D the en-route origin-destination points to distinguish them 
from the full trip’s origin-destination points. Fig.3 (b) shows one example trip passing through the target area from 
node A to node C, with the whole trip shown in blue. In this paper, we assume that the drivers will make a route 
choice decision at node A or B and choose routes in choice set passing to the node C or D respectively. Therefore, 
we will analyse how drivers will select routes to pass the target area.  
 
  
                  (a)                                          (b) 
Fig.3. (a) Target Area; (b) An example Trip 
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This research is concerned with only the part of the trip through the target area. Using the data for such trips, we 
analyse different driving behaviour within the target area. 
We observed 16 different routes from node A to node C among 305 trips and 10 different routes from node B to 
node D among 144 trips respectively. For each trip, we could obtain the following information: 
x Distance (km): the distance for each trip travelled in the target area 
x Arterial road ratio (ARR): the ratio of distance traveled on arterial roads within the target area, ranging from 0 to 1 
x Turns: the number of turns made in the target area 
x Trip distance (TD): the total travel distance for each trip 
x DO: the travel distance from each trip’s actual origin to the en-route origin A or B 
4. Estimation Results and Discussion 
In this research, we will apply PCS model to modelling drivers’ route choice behaviours. All the observed routes 
are assumed to compose the master sets for two OD pairs respectively. The number of turns for each route is 
introduced as a criteria to format their viable set. Furthermore, as these trips in the target area are part of the whole 
trips, the influence of the en-route positions to the viable sets formation will also be analysed. 
Firstly, MNL model will be estimated and the result will be the benchmark for other models. Second is C-Logit 
model. The choice set for MNL and C-Logit models are observed routes of two en-route OD pairs which were 
mentioned before, and these routes will also be used as the master sets in the following PCS models. For PCS model, 
the probability for each route to be included in the viable set is expressed as following equation:  
    11n *turns Thresholdq i e E     (14) 
 
where turns is the number of turns for route i in the target area, β and threshold are the parameters to be estimated. 
As the third model, named en-route PCS model, an en-route variable DO/TD will be introduced, DO/TD is an 
indicator which can reflect the trips’ rate of progress. And then this DO/TD will be added in the choice set formation 
stage to see its influence. And the probability for each route to be included in the viable set is:  
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Details about Equation (15) will be discussed later. It should be noted that both in PCS and En-route PCS model, CF 
are not introduced. That is because consideration sets are latent and probabilistic in this research and their explosion 
quantity make it difficult to calculate all routes’ CF in all consideration sets.  
The first column in Table 1 shows the estimation result of MNL model. All parameters are significant and have 
correct signs. This estimation result is consistent with what we would expect a rational driver to do when making a 
route choice. Second column shows the result of C-Logit model. All parameters including CF are significant and 
have correct signs. Furthermore, the model’s performance is also improved after considering overlapping problem. 
Third column is the estimation result of PCS model. It should be noted that the number of turn variable has been 
excluded in the choice making stage; this is because it was used as a constraint in the choice set generation stage and 
the two stages are estimated simultaneously, therefore in order to avoid interference, it is dropped in the choice 
making stage. In the choice set generation stage, the probability of a route being included in the driver’s choice set 
decreases with increasing number of turns along the route. In the choice making stage, the signs of the two variables 
are the same as in MNL and C-Logit models. Here, though, the statistical significance (t-statistics) of the distance 
parameter is smaller than it in MNL and C-Logit models. This might indicate that, if the choice set is properly 
considered, the influence of explanatory variables in the choice making stage is reduced. It also means that 
parameter estimation in a model that does not consider the choice set generation stage may include biases. 
Furthermore, Akaike’s Information Criterion (AIC) value of the PCS model is smaller than that of MNL and 
C-Logit models, which indicates that the PCS model can express driver’s route choice behaviour more accurately. 
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The improvement of model’s performance from MNL to PCS model is bigger than that from MNL to C-Logit model, 
which indicate that the consideration of choice set is more important than that of overlapping problem. 
Drivers prefer to choose only a partial route, especially when the trip is long and the route network is complex. 
Furthermore, the constraints used in the choice set generation stage are different for different stages of the trip. This 
can be investigated if we define a variable reflecting how much of the trip has been completed: we take the total 
distance from origin to destination to be TD and the distance from the origin to a particular point en-route to be DO, 
then define DO/TD as an en-route variable that ranges from 0 to 1 according to how much of the trip has been 
completed. The influence of DO/TD in the choice set generation stage is not likely to be simply linear or 
exponential.  
The estimation result for this improved model is shown in forth column in Table 1 after introducing one variable, 
the explanatory power of the model is improved. Further, the χ2 statistic for the likelihood of the joint hypothesis 
that α1=0 and α2=0, -2*(-737.644 + 730.9) = 13.4, which, with two degrees of freedom, is greater than the critical 
value of 10.597 at the 0.005 significance level, brings us to the same conclusion. 
 
Table 1. Estimation Results  
 MNL C-Logit PCS En-Route PCS 
 Choice Set Formation Stage 
β --- --- -1.573 (-19.4) -1.396 (-18.0) 
α1 --- --- --- 17.066 (5.4) 
α2 --- --- --- -8.723 (-4.6) 
Threshold --- --- -1.774 (-7.0) -3.454 (-4.7) 
 Choice Making Stage 
Distance  -10.732 (-3.8) -7.434 (-5.5) -26.831 (-1.9) -26.564 (-1.6) 
ARR 0.653 (2.8) 1.632 (3.3) 0.879 (0.8)  7.32 (3.3) 
Turns -1.475 (-20.0) -1.68 (-9.4) --- --- 
CF --- 1.134 (2.6) --- --- 
     
LL0 -1177.212 -1177.212 -1177.212 -1177.212 
LL -749.349 -745.625 -737.644 -730.935 
Adjusted ρ2 0.361 0.363 0.370 0.374 
AIC 1504.7 1499.3 1483.3 1473.9 
# t-statistic value in the parentheses 
 
This can also be seen in Fig.4, which explains how the en-route variable affects the probability of a route being in 
the latent choice set. Firstly, at the beginning of a trip, the probability of a route being selected for the driver’s latent 
choice set becomes lower with distance. Then there is a stage of the trip where the probability does not change much, 
before it rises again continuously to the end. It is clear that a driver is more tolerant of turns when he or she is closer 
to the destination. 
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Fig.4. Influence of en-route variable on qn(i) 
 
5. Conclusions 
Route choice behaviour can be treated as a two-stage procedure. The first stage is generation of a feasible choice 
set from the master set, in which the driver selects routes that fit within his or her spatiotemporal constraints. The 
second stage is making a choice from among the routes in the feasible choice set. In this work, the two-stage PCS 
model (Manski, 1977) is used to analyse route choice behaviour based on data obtained from probe vehicles. 
For the non-compensatory choice set generation stage, the constraint-based choice set generation model (Swait 
and Ben-Akiva, 1986) is used to calculate the probability of each route being in the driver’s feasible choice set, 
leading to the probability of each subset of the driver’s awareness set. Then in the compensatory choice making 
stage, drivers are assumed to choose the route with the maximal utility, so the random utility model is applied. The 
models for the two-stages are estimated simultaneously using only information about drivers’ actual choices as 
obtained from the probe vehicle data. The estimation results show that the PCS model offers a significantly better fit 
to the data than the MNL model. 
An en-route variable is introduced to represent the proportion of the trip distance already travelled. This is used to 
analyse changes in the probabilistic choice sets according to how much of the trip has been driven. The estimation 
results in this case are as expected and demonstrate that the spatiotemporal constraints in the choice set generation 
stage fluctuate according to the stage of the trip (from origin to a major road; along major roads; and from major 
road to destination). This must also influence the probability of an alternative route being selected to individual’s 
consideration choice set. 
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